Abstract-Fuel consumption is the major contributor associated with the large and growing part of transportation cost in logistics. Optimal vehicle routing approaches not only can provide solutions to reduce their operation costs but can also aim at addressing energy and environmental concerns. This paper outlines a solution to the single-depot capacitated vehicle routing problem with the objective of minimizing daily operation cost with a homogeneous fleet of delivery vehicles. The problem is solved using Simulated Annealing, to provide optimal routes for the vehicles traveling between the depot and destinations. Simulation results demonstrate that the proposed approach is effective to recommend optimal route and reduce operation cost.
I. INTRODUCTION

A. Motivation
Last mile logistics refers to the last portion of a supply chain involving the transportation of people or goods from the last transportation hub to the final destination. With the meteoric rise of the e-commerce industry, last mile delivery, especially parcel delivery has attracted considerable attention [1] . On the other hand, due to overcrowding and congestion in many metropolitan cities, more and more people are looking for ride-sharing as a viable form of transport for their daily commute [2] . In this highly competitive environment, third party logistics and last mile delivery firms must not only be able to meet ever increasing fulfilment deadlines but do so as efficiently as possible to maximize profits. Some major hurdles in maximizing profits are ensuring the utilization of the vehicle inventory to its maximum potential and costeffective routing of vehicles owing to growing emission constraints coupled with the strive to reduce fuel consumption.
In this paper, we present a last-mile logistics system which combines the transport of people using ride-sharing with parcel delivery.
B. Literature Review
The vehicle routing problem (VRP) is a variation of the extensively investigated traveling salesman problem. There has been significant amount of work done in the area of eco-VRP. Among different approaches that have been reported in the literature, time-dependent VRP (TD-VRP) is based on the notion that the travel time between any pair of points (customers and depots) depends either on the distance between the points, or on the time of day (e.g., rush hours). The feature of fluctuating travel duration enables VRP to account for the actual conditions such as urban congestion, where the traveling speed is not constant due to variation in traffic density. Therefore, TD-VRP is a relevant and useful model to reveal recurring traffic congestion and to explore approaches to avoid it. In the model described by Qian and Eglese [3] , the speed of the traffic on the underlying road network is time dependent and the path used by a vehicle between a pair of customers is the decision variable. The authors proposed a Tabu based algorithm to solve the problem and concluded that allowing a specified waiting time at customer nodes, vehicles can avoid being caught in congestion, thus leading to overall fuel consumption reduction. Yao et al. [4] further explored the TD-VRP by introducing the concept of alternative stop points assuming that a delivery vehicle could temporarily stop at the opposite side of the client and then the deliveryman walks across the road to serve the client. By enabling alternative stops, detouring could be avoided in vehicle routing. As a result, the study showed that vehicle miles traveled as well as total fuel consumption were reduced in the network. Huang et al. [5] presented an approach with the objective of finding an optimal routing solution such that vehicle arrival times at nodes meet the deadlines specified by the clients.
Bent and Hentenryck [6] considered the partially dynamic VRP with time windows. The goal was to serve as many customers as possible given a fixed number of vehicles. Moreover, stochastic information was assumed to be available on the dynamic customers. To tackle this dynamic stochastic
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In the era of sharing mobility, the ride-sharing problem has been widely studied. Furuhata et al. [7] reviewed that key aspects of existing ride-sharing systems along with some of their key challenges (e.g., the design of attractive and price effective mechanisms), are a concierge like ride-arrangement customer preferences, multi-modal rides, and building of trust among unknown travelers. Agatz et al. [8] surveyed the characteristics, objectives and optimization challenges of different classes of operations research models related to ridesharing. The cost of the ride-share trip should be proportionately divided among the participants, roughly proportional to vehicle-miles travelled. Agatz et al. [9] proposed a framework allocating the costs of a joint trip proportional to the distances travelled if separate trips were taken. Kleiner et al. [10] proposed an auction-based mechanism to determine the driver's compensation.
Wang et al. [11] presented a model which utilizes crowdworkers for last-mile parcel delivery. The concept was such that each parcel will be sent to a pick-own-parcel station nearest to its consumer's address, then assigned to the crowdworkers via a mobile app. Each worker was associated with a travel pattern (e.g., the driver's daily commute route) and the reward was proportional to the distance of the detour taken to make a delivery. The objective was to assign the parcels to the most convenient workers to minimize the total reward paid by the company. Compared to traditional delivery methods, the crowdsourcing approach resulted in a higher level of parallelism in job execution since the fleet size of delivery vehicles is much larger and each worker handles only a small number of parcels. Communication between workers and customers is also more effective. Due to the elimination of vehicles specifically used for last-mile delivery, this approach helped reduce operations costs as well as carbon emissions, since the number of vehicles in the network were reduced.
A. Contribution of this paper
Both ride-sharing and last-mile delivery are topics that have been extensively studied with either static or dynamic settings. However, the concept of shared logistics is this area that has not been fully investigated. The main objective of this paper is to determine how a fleet of vehicles can be dispatched most efficiently to maximize the daily profit of a company which aims at fulfilling the last/first-mile connection of passengers and simultaneous parcel deliveries from a major transport hub.
B. Organization of the paper
The structure of the paper is organized as follows. In Section II, we formulate the problem. In Section III, we provide the solution and simulation results, and finally, in Section IV, we draw concluding remarks.
II. PROBLEM FORMULATION
Consider a major transit hub in a city, which serves as a consolidation center for parcels to be delivered to residents in the neighbourhoods. We consider a first/last mile transportation service for people stationed around the hub as well as for the delivery of parcels in the same area. Electric autonomous vehicles owned by the taxi/ride hailing company are used for simultaneous transport and delivery. A representation of the problem is shown in Fig. 1 .
A. Problem Description
Transportation of People: At the beginning of the operation time, all vehicles are located at the hub where parking is free for the service company. Similarly, vehicles will all come back to the transport hub at the end of the operation period. This guarantees that the vehicle fleet has enough time (over night) to fully charge the battery and any required maintenance can be performed.
Parcel Delivery:
With the model presented below, the service company only needs to handle the delivery of parcels to the hubs nearest to the consumer's address after which, the parcels at the hub will be assigned to the vehicle and eventually reach the consumers. A parcel will be assigned to the vehicle which will incur the least cost to deviate from its assigned route to make the delivery. For example, consider a vehicle travelling from node A to node B. For simplicity, assume that the cost, r, of deviating from the path and making a delivery at node D on the way, is proportional to the additional travel distance
where (•,•) is the Euclidean distance between two locations, ( , ) + ( , ) is the distance incurred for the delivery, and ( , ) is the travel distance if the vehicle does not take the task.
Routing:
Consider a network with nodes and an operation period with time instances: = {1, … , , … , }: Set of passenger nodes. = {1, … , , … , }: Set of time instants in the service period. The time between two consecutive time instants is considered to be one time step where the number of time steps in a day is T.
: Travel time between node i and node j, ∀ , , ≠ ;
: Travel time between hub and node i;
: the maximum travel time from the transport hub to any of the nodes:
Routes: A route indicates a routine for a vehicle that starts at the hub, serves some number of customers, and then returns to the depot. Formally, a route is a sequence [0, 1 , … , , 0], where 1 ≤ ≤ and all are distinct. The demand of a route is denoted by ( ) = ∑ =1 . The travel cost of a route is denoted by ( ) and is the cost of visiting all of its customers, i.e., ( ) = 0 1 + 1 2 + ⋯ + −1 + 0 .
Routing Plan: A routing plan, or a plan for short, is a set of routes { 1 , … , } serving each customer exactly once. A routing plan assigns a unique successor and predecessor for each customer. For a plan, , the successor of customer i is denoted by ( , ) and the predecessor is denoted by ( , ). The travel cost of a plan is denoted by ( ) = ∑ ( )
=1
. We also use cust( ) and cust( ) to denote the customers of a route r and a plan .
In the modelling framework above, the following assumptions are imposed: Assumption 1: A vehicle can accommodate up to two passengers and one parcel, or one passenger and 3 parcels at a time.
Assumption 2:
The vehicles are fully charged overnight at the transport hub.
These assumptions consider the capacity constraint for each vehicle and ensure that the trip is short enough to be completed on a single charge. They also ensure that the vehicles are fully charged at the start of the operational period.
B. Objective function
The revenue earned from carrying passengers from the transport hub to their destinations is Vehicle depreciation costs are calculated by:
where, is the vehicle depreciation costs per mile ($/mile), , + is the number of vehicles travelling from node to node from time instant to time instant + , ∀ , , ≠ , ∀ .
Vehicle maintenance costs are calculated by:
. where, is the maintenance cost per vehicle per day ($/day), is the vehicle fleet size in the system. Detour cost for delivering parcels is calculated by:
where, is equal to 1 if there is a vehicle travelling from node i to node j, otherwise 0, ∀ , is the travel distance between node i and node j, ∀ , is the detour cost per mile ($/mile).
The following objective function maximizes the total profit, , during a typical day of operations, considering the revenues earned and the aforementioned costs. . .
(1)
C. Constraints
The following constraints describe conservation of flow in the network
Constraint (2) is the flow conservation constraint which computes the number of available vehicles at a node (at time instant + 1) as a function of the number of vehicles at time instant , and the difference between exiting vehicle at current time instant and entering vehicle at the next time instant.
The following constraint ensures that demand is satisfied
where, is 1 if the passenger request at node can be served, 0 otherwise, ∀ , , + is the number of passenger requests from the transport hub to node from time instant to time instant + , ∀ , ∀ , + ≤ . Constraint (3) assures that the trips satisfied between the transport hub and service node i, which begin at time instant t and finish at time instant + , must be lower than or equal to the passenger requests on the same origin-destination (OD). If node i cannot be served ( = 0), the satisfied demand must be zero.
The following constraint assures that the trips satisfied between service node i and the transport hub which begin at time instant t and finish at time instant + must be lower than or equal to the passengers' requests on the same OD. And if node i cannot be served ( = 0), the satisfied demand must be zero
where , + is the number of passenger requests from node to the transport hub from time instant to time instant + , ∀ , ∀ , + ≤ .
The next constraint guarantees that if a passenger node cannot be served, there are no vehicles travelling between this node and any other nodes or the transport hub, namely
where, is a large number.
We also need to ensure that if no trip from node i is satisfied, then that node is not selected, hence
Next, we neeed to include a constraint that imposes the condition that the number of vehicles travelling between service node i and the transport hub must be greater than or equal to the number of people travelling on that OD route , + ≤ , + ∀ ∈ , ∀ ∈ , + ≤ .
The following constraint guarantees that the vehicles leaving a service node at time instant is less than or equal to the available vehicles at that service node i, namely
Finally, the next set of the onstraints define the domain for the decision variables.
, + ≥ 0 ∀ ∈ , ∀ ∈ , + ≤ ,
, ∈ (0,1) ∀ ∈ .
III. SOLUTION APPROACH AND SIMULATION RESULTS
Metaheuristics have been introduced into the solutions for VRP in the last two decades, which are generally recognized to fit combinatorial optimizations, Simulated Annealing, Tabu Search, Genetic Algorithm and Ant Colony Optimization have been tried to apply to VRP.
Simulated Annealing (SA) is inspired by the process of annealing in metallurgy. In this natural process a material is heated and slowly cooled under controlled conditions to increase the size of the crystals in the material and reduce their defects. The heat increases the energy of the atoms allowing them to move freely, and the slow cooling schedule allows a new low-energy configuration to be discovered and exploited. Similarly, each configuration of a solution in the search space represents a different internal energy of the system. Heating the system results in a relaxation of the acceptance criteria of the samples taken from the search space. As the system is cooled, the acceptance criteria of samples are narrowed to focus on improving movements. Once the system has cooled, the configuration will represent a sample at or close to a global optimum.
The main idea of a SA algorithm is to occasionally accept degraded solutions in the hope of escaping the current local optimum. The information processing objective of the technique is to locate the minimum cost configuration in the search space. The algorithm's plan of action is to probabilistically re-sample the problem space where the acceptance of new samples into the currently held sample is managed by a probabilistic function that becomes more discerning of the cost of samples it accepts over the execution time of the algorithm. The pseudocode for the SA algorithms used for the VRP is given in Algorithm 1.
To evaluate the performance of the proposed approach, ten computational experiments were carried out on a network spanning 200 sq. km with varying number of customer locations as well varying fleet sizes. The number of customer locations vary from 8 to 70, out of which two-thirds of the locations are passenger locations and the rest are parcel delivery locations. The capacity of a vehicle is limited to 5 units, where each passenger takes 2 units and each parcel takes 1 unit.
For the baseline scenario, we have considered a combination of two conventional last mile transportation system, which consists of two separate fleets of vehicles, one for public transport (ride-sharing) and one for parcel delivery. The operational costs in this scenario would be the total costs of operating both fleets simultaneously. For simplicity, we consider the vehicle type and capacity of the vehicles of both fleets to be the same. Keeping the vehicle capacity in mind, in the baseline scenario, the ride-sharing fleet size varies from 3 to 24 vehicles, and the delivery fleet size varies from 1 to 5 vehicles, proportionate to the number of customer locations, bring in the total vehicle count to 4 to 29 vehicles.
With the integrated service, the fleet size varies from 3 to 24 vehicles, proportionate to the number of customers (i.e. 8 to 70 customer locations). We use SA to find the cost of every possible route that can be taken for every instance, until the minimum cost (and its corresponding vehicle routes) is obtained. The routing plan which leads to the lowest cost is taken as the optimal solution. The computation of the SA was executed on MATLAB running on an Intel Core i7-4510U 2.0GHz CPU running Windows 10.
The experimental results for the ten instances are presented in Table 1 . It can be observed that the total cost of service is roughly proportional to the number of customer locations and fleet size. For example, the cost of serving 25 customer locations using 9 vehicles (instance 5) is higher than the cost of serving 20 customer locations using 7 vehicles (instance 4). But it is also observed that the cost of servicing 10 customers using 4 vehicles (instance 2) is greater than the cost of servicing 14 customers using 5 vehicles (instance 3). This behavior can be due to fact that in instance 2, one of the vehicles serves only one customer, indicating that the fleet is underutilized. The optimal routes for instances 3, 5, 6, 8 and 10 are shown in Fig. 5-9 , in which we see that in each route, each vehicle visits two passenger locations for drop-off or pick-up, as well as a parcel delivery location before returning to the depot. We observe that compared to the baseline scenario, the integrated service reduces operational costs by a considerable amount. Cost reduction ranges from 32.8% during high demand (instance 10), to 59.84% during low demand (instance 1). Take instance 3 for example: Since the delivery locations are spread out, the sole delivery vehicle must travel a large amount to make all 4 deliveries, resulting a high operating cost ($414.25). The ride-sharing fleet costs amounted to $257.60 to cater to 10 passengers, bringing the total cost of using both fleets to $671.85. The vehicle routes in instance 3 using the baseline scenario is shown in Fig. 1 . Comparatively, in the integrated service, when the ridesharing vehicles are used to make the deliveries, the cost of operating the delivery vehicle is eliminated, and is offset by a marginal increase in the operating costs of the ride-sharing fleet, since they must travel a bit more to make the nearby delivery. The operating cost for this instance was $275.93, which is 58.93% lower than the baseline scenario. 
IV. CONCLUSIONS
The VRP is an interesting problem not only for distribution centers but also for shared mobility services. This problem has been addressed in many research papers but combining the two areas of VRPs has not been fully investigated. This paper proposes an efficient vehicle routing planning scheme with the objective of minimizing the daily cost of operations of a fleet of vehicles, which is used to ferry passengers to their final destination and simultaneously deliver parcels to nearby destinations. The effectiveness of the approach is tested on a benchmarking network using a SA algorithm and the results indicate that the proposed approach is valid, reliable and has good computing performance. It is shown that the integrated service can reduce operational costs by up to 59%, compared to conventional last mile transportation services, depending on the customer demand. In the computational model, only a few factors were considered, namely demand at passenger and delivery locations, vehicle capacity and transportation costs.
As it is known, fuel efficiency is highly sensitive to the driving cycle, this method can be further enhanced with dynamic traffic flow data so that fuel consumption can be reduced. Finally, this approach can be modified to accommodate a heterogeneous delivery fleet (i.e. vehicles with different cargo carrying capacities as well as vehicles with different kinds of powertrains).
